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The effects of chemical interaction between injected CO2, brine, and formation 
rocks are often ignored in sequestration studies because chemical reactions are assumed to 
be localized to carbonate rocks that make up only a small proportion of the potential 
reservoirs. It is conjectured in this work that long-term exposure of certain types of clays 
and cement material to CO2-brine mixtures can induce chemical reactions and subsequent 
alteration of rock properties that can be subsequently detected in time-lapse seismic 
surveys. This is demonstrated using a case-study structured after the Cranfield field 
injection site. Geochemical alterations of the reservoir rock are quantified by performing 
reactive transport simulations and subsequently using rock physics models to translate the 
altered petrophysical properties into seismic responses. The study quantifies the long-term 
geochemical effects of CO2 injection on the seismic response and conversely, presents an 
approach to invert the reservoir regions contacted by the CO2-saturated brine based on the 
observed seismic response. 
 vii 
Time lapse or passive seismic monitoring is an effective method for mapping the 
progress of the CO2 plume through the subsurface. But, because of the lack of resolution 
of the seismic information, it is necessary to use the seismic information together with prior 
geologic knowledge about the surface in order to identify if there is any migration of CO2 
into regions that might be deemed sensitive e.g. overlying aquifers or faults. Because of 
uncertainties in the prior geologic description of the reservoir, the feasibility of 
implementing a model selection process is explored in this work. The model selection 
procedure utilizes the observed well data and reference seismic map to select a subset of 
models. The flow simulation of CO2 injection and forward seismic modeling were repeated 
for the newly generated reservoir models, and the seismic responses were compared for the 
reaction and non-reaction cases. 
The study showed that the effects of geochemical reactions on petrophysical 
properties and resultant spatial distribution of fluid saturation were visible in the seismic 
response. Major differences in seismic responses were detected in regions of the reservoir 
where significant amount of minerals were dissolved and precipitated. These regions were 
at the top of the reservoir due to the reactions caused by the buoyant CO2 plume. The 
presence of carbonate facies, even in small proportion, plays an important role in 
geochemical reactions and their effect is manifested at the seismic scale. The unique model 
selection methodology presented in this thesis is efficient at detecting the important 
features in the seismic and injection response that is induced by the geochemical alterations 
occurring in the reservoir. The results of this time-lapse study can provide new 
interpretation of events observed in time-lapse seismic data that might lead to a better 
assessment of leakage pathways and other risks. 
 viii 
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Chapter 1: Introduction 
1.1 OVERVIEW 
According to the United States Environmental Protection Agency (2014), the 
surface temperature of Earth has increased by 1.4oF over the last century due to global 
warming . Over the past 800,000 years, there have been cycles of increase and decrease in 
surface temperature, which correlates well to carbon dioxide (CO2) concentration in the 
atmosphere. However, in recent times, a steeper increase in temperature and CO2 
concentration has been observed as compared to the fluctuations observed in the previous 
cycles. Using various geologic and engineering models and calculations, scientists have 
discovered that the recent increase in greenhouse gases (i.e. CO2) in the atmosphere is due 
to a significant amount of fossil fuels being burned since the Industrial Revolution (Wolff 
et al., 2014). The use of fossil fuels is expected to continue to increase until about year 
2030. Consequently, the energy industry and government agencies are investigating many 
technologies for reducing CO2 level in the atmosphere. One of the proposed methods is 
carbon sequestration, in which CO2 is injected and stored in the deep subsurface. 
CO2 storage in a deep formation requires structural and geochemical trapping 
mechanisms in order to ensure that the CO2 remains sequestered in the subsurface for a 
long duration. Structural trapping mechanism involves physical trapping of the CO2 plume 
due to buoyancy forces and the capillary barrier exerted by the reservoir seal ( Lu et al., 
2013; Mandalaparty et al., 2011). When CO2 is injected, its low density relative to in situ 
formation fluids, typically brine, causes it to migrate upward due to buoyancy. Capillary 
force is due to interfacial effects between the CO2 and the rock mineral that prevents the 
CO2 from entering the pore space of the formation seal until an entry pressure is attained. 
Geochemical trapping involves chemical interactions between rocks, formation fluids, and 
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injected CO2 (Lu et al., 2012). When CO2 is injected, it dissolves in brine and raises the 
acidity (or lowers the pH) of formation fluids, initiating geochemical alteration of reservoir 
rocks by mineral dissolution and precipitation. CO2 is thereby stored in the formation in 
the form of a new material formed as a result of precipitation. . 
Currently, there are various analytical models and numerical simulators like CMG-
GEM and PHREEQC (Computer Modelling Group Ltd., 2013; Parkhurst and Appelo, 
2013; Singh and Srinivasan, 2014) that can account for the geologic heterogeneity in 
reservoirs and compute the physical behavior of the CO2 plume. There are numerous papers 
examining the physics and chemistry of carbon sequestration. However, these works do 
not take the results pertaining to the alterations in properties of the reservoir all the way to 
its impact on seismic wave propagation and the consequent interpretation and modeling 
implications. The research presented in this thesis aims to address this shortcoming. 
1.2 RESEARCH OBJECTIVES 
Siliciclastic reservoirs are great potential sites for CO2 sequestration because they 
are composed mainly of non-reactive quartz sandstones. Consequently, chemical reaction 
between injected CO2, brine, and formation rocks are often ignored in sequestration studies. 
Many reservoirs, however, do contain a small amount of carbonate rocks, which are 
reactive and can cause geochemical alterations of the reservoir rocks. In addition the 
cement material between rock-grains may in some cases be reactive and this can also result 
in alterations to the mechanical properties of the rock. The thesis explores this issue by 
simulating and quantifying the effect of long-term geochemical effects of CO2 injection on 
seismic response. Subsequently an approach to model the reservoir regions contacted by 
the CO2-saturated brine by inverting the seismic response is presented. The application of 
this approach is demonstrated using the data for the Cranfield field injection site. 
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The study showed that the effects of geochemical reactions on petrophysical 
properties and resultant spatial distribution of fluid saturation are detectable in the seismic 
response. Through this time-lapse study, we are able to provide new interpretation of events 
observed in time-lapse seismic data that might lead to a better assessment of leakage 
pathways and other risks. 
1.3 THESIS OUTLINE 
Chapter 2 presents a brief review of the relevant literature pertaining to 
geochemical reactions associated with injection of CO2 in the subsurface. The main 
reactions of CO2 with reservoir rocks and past experimental and modeling works are 
reviewed. Some basic concepts in rock physics modeling and recommended techniques 
presented in literature are also introduced. In addition, the past works on time-lapse seismic 
modeling and workflows are discussed. Lastly, the research specifically performed using 
data from the Cranfield site are reviewed. 
Chapter 3 describes the models and methods used in this thesis. It discusses the 
geostatistical methods, geochemical models, and rock physics models that have been used 
to characterize a CO2 sequestration site and the flow and transport model used to simulate 
reactions and CO2 plume migration. The forward seismic model used to generate synthetic 
seismograms and the concept of discrete Fréchet distance used to compare seismic 
signatures from different models are also discussed.  
Chapter 4 presents the development of a reference model using the data and 
methods discussed in Chapter 3. Through model selection the subset of prior reservoir 
models that closely match the reference model can be identified and subsequently, using 
model expansion, additional models can be generated that share the variogram 
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characteristics of the selected set of models. This model selection and expansion method 
is also discussed in this chapter. 
In Chapter 5, the model selection and uncertainty quantification process is applied 
using actual time-lapse seismic information for Cranfield. The inverted seismic impedance 
information at initial time is first used to generate a suite of prior models and then apply 
the model selection and expansion process discussed in Chapter 4. Reservoir models with 
different carbonates rock proportion were specified as part of the prior model and were 
subsequently refined. The best models were used to assess the long-term geochemical 
effects in the aquifer. 





Chapter 2: Literature Review 
One of the viable methods to reduce the concentration of greenhouse gases in the 
atmosphere is carbon sequestration. In this process, carbon dioxide (CO2) is captured and 
stored in deep subsurface aquifers resulting in mechanical and geochemical alterations of 
subsurface formations. Mechanical changes include pressure change due to injection of 
large volumes of CO2 into a reservoir already filled with fluids and the accompanying 
change in density of the formation. There is considerable research performed around the 
world investigating the physics of CO2 migration and how it effects the properties of 
reservoirs. Geochemical alteration of reservoirs involves reactions between in situ and 
injected fluid and formation rocks. During reactions, reservoir rocks (e.g. carbonates and 
sandstones) are either dissolved or precipitated resulting in alteration to rock frames. This 
chapter reviews previous experimental and simulation works performed to understand the 
geochemical reactions associated with CO2 injection into carbonates and sandstones.  It 
also introduces how these works have been applied to carbon sequestration at Cranfield. 
2.1 GEOCHEMISTRY OF CO2 SEQUESTRATION 
When CO2 is injected into a saline aquifer, it dissolves in formation brine and 
lowers the pH, triggering mineral reactions. Mineral reactions, that lead to dissolution 
and/or precipitation of reservoir rocks, permanently reshape pore network of the formation, 
and that is very difficult to model (Vanorio et al., 2011). Imaging techniques such as 
scanning-electron microscopy (SEM) and CT scanning, are widely used to observe the 
alterations at pore scale. It is observed using SEM images and CT scans that CO2-saturated 
brine in a carbonate rock initiates dissolution mainly in the grain-coating cement, and this 
is followed by the formation of micropores and wormholes that result in a decrease in the 
acoustic velocity of the rock (Gharbi et al. 2013; Grombacher, et al., 2011; Vialle and 
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Vanorio 2011; Egermann et al., 2005). Figure 2-1, adopted from an experimental work by 
Vanorio et al. (2011) shows SEM and CT scan images of a carbonate core sample dissolved 
by CO2-saturated brine. Porosity enhancement due to formation of micropores is clearly 
observed. At reservoir scale, these changes are accompanies by increase in porosity.  
 
 
Figure 2-1: CT scan images of a carbonate core sample dissolved by CO2-saturated brine. 
Porosity enhancement due to formation of micropores is clearly observed 
(Vanorio et al., 2011) within the marked regions. 
2.1.1 Geochemical Reactions 
CO2 has a very high solubility in brine. When CO2 is injected as a gas phase into a 
saline aquifer, it dissolves in brine to become an aqueous solution as shown in Equation 
2.1. It then forms carbonic acid as it becomes equilibrated with brine (Equation 2.2). 
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Carbonic acid further dissociates into hydrogen and bi-carbonate ions as shown in Equation 
2.3 (De Silva et al. 2015).  
 
   2 2CO g CO aq ………………………………………………..…………(2.1) 
     2 2 2 3CO g H O l H CO aq  ……………………………………………(2.2) 
     2 3 3H CO aq H aq HCO aq
   …………………………….........……(2.3) 
The formation of hydrogen ions lowers pH of aquifer brine and triggers mineral 
reactions as studied in many experimental and simulation works. Gunter et al. (1996) 
investigated CO2 injection into the Glauconitic Sandstone aquifer in the Alberta 
Sedimentary Basin. They discovered that small amount of anorthite in the rock accelerated 
reactions and produced Ca2+ (Equation 2.4), which then reacted with bicarbonate ions 
formed in Equation 2.3 to precipitate calcite and kaolinite (Equation 2.5). 
 
           22 2 8 2 2 2 5 42
anorthite kaolinite
CaAl Si O s H aq H O l Ca aq Al Si O OH s     ..…..(2.4)  
           2 2 8 2 2 3 2 2 5 42
anorthite calcite kaolinite
CaAl Si O s CO g H O l CaCO s Al Si O OH s    ……(2.5) 
In the first carbon sequestration project in China, Wang et al. (2013) observed three 
different reactions taking place simultaneously when feldspar was dissolved in solution 
(Equations 2.6, 2.7 and 2.8) in the Erdos site. K-feldspar, albite, and anorthite each reacted 
according to their rate law. 
 
3
2 4 44 4 3K feldspar H O H K Al H SiO
        …………………………(2.6) 
3
2 4 44 4 3Albite H O H Na Al H SiO
       …………………..………….(2.7) 
2 3
4 48 2Anorhite H Ca Al H SiO
      …………………………………….(2.8) 
Mito et al. (2008) performed field study on CO2 injection at a sandstone reservoir 
at Nagaoka, Japan. Although quartz was the most dominant mineral in the reservoir, its 
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slow reaction rate yielded the dissolutions of chlorite and plagioclase and those were the 
sources of Ca, Mg, Fe, and Si (Equations 2.9 and 2.10). 
 
 22 4 4 3 432 3 2 2Plagioclase H H O Ca Al OH H SiO NaAlSi O
       ......(2.9) 
 2 2 4 4320 5 5 4 6Chlorite H Mg Fe Al OH H SiO
       ………...……...(2.10) 
Ngheim et al. (2004) used a commercial compositional simulator, CMG-GEM, to 
model carbon sequestration in a reservoir that consists mostly of quartz (71%) and of 
fractions of kaolinite, calcite, anorthite, dolomite, illite, and feldspar. Ngheim et al. injected 
about 0.2 pore volume of CO2 into the reservoir in two-year period and observed the 
migration of CO2 and mineral reactions for another 398 years. Similar to the sandstone 
reservoir in Nagaoka, relatively fast reaction rates in carbonates (i.e. calcite and dolomite) 
dominated other reactions, in terms of their effects on petrophysical properties such as 
porosity. In addition to the carbonation reactions in Equations 2.1, 2.2, and 2.3, calcite and 
dolomite reactions occurred as shown in the following two equations (2.11 and 2.12): 
 
2
3Calcite H Ca HCO
     ……………………………..…………….…(2.11) 
2 2
32 2Dolomite H Ca Mg HCO
       ………………...……………….(2.12) 
Most of the CO2 was observed to be dissolved in 150 years. The reactions, however, 
continued to take place beyond that time. Calcite and dolomite dissolved for the first 98 
years before they started to precipitate. After 355 years, the net precipitation of calcite was 
positive.  
2.2 ROCK PHYSICS MODELING OF CO2 SEQUESTRATION RELATED EFFECTS 
From the previous experimental and simulation studies discussed it is evident that 
CO2-brine-rock interactions result in changes in concentrations of aqueous solutions and 
consequent petrophysical alterations. However, in most of these studies, the changes were 
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observed in laboratory scales. It is necessary to be able to discern these effects at the field 
scale. Rock physics models can be used to quantify the relationship between petrophysical 
properties and acoustic properties of reservoirs, in preparation for inferring the effects of 
geochemical alterations at field scale using seismic information. 
2.2.1 Gassmann Fluid Substitution Model 
Gassmann (1951) developed a fluid substitution model that predicts seismic 
velocities in saturated rocks when one fluid replaces the original fluid in place (e.g. CO2 
replacing in situ fluids during injection processes or water replacing hydrocarbons in a 
reservoir during water flooding). He derived equations (2.13 and 2.14) that quantify 
induced pore-pressure changes due to compression, in terms of bulk modulus of the 

















where Kdry, Ksat, K0, and Kfl are bulk moduli of dry rock, saturated rock, mineral, and fluid, 
respectively; ϕ is porosity; and μdry and μsat are shear moduli of dry and saturated rocks. 
However, the model assumes that the rocks are isotropic with homogeneous elastic 
moduli. The model also assumes low-frequency (<100Hz) acoustic environment so that 
there is sufficient time to equilibrate induced pore pressure, which makes the model 
appropriate at seismic scale (Mavko et al., 2009). The implication of the first assumption 
is that there should be no chemical interaction between rocks and fluids because reactions 
can render the rocks anisotropic by altering pore structures. These assumptions further 
imply that shear moduli of rocks do not mechanically rely on the presence of fluid and 
therefore remains constant when a new fluid is introduced (Berryman, 1999). 
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2.2.2 Effective Medium Theories 
To quantify the relationship between petrophysical properties such as porosity and 
elastic properties such as bulk moduli, the effective medium theories that constrain the 
value for Ksat of saturated media can be used. The simplest bounds are the Voigt upper 
bound (Voigt, 1906) and the Reuss lower bound (Reuss, 1929) shown in Equations 2.15 



















where fi is the fraction of material i and Ki is the bulk modulus of material i. The bulk 
modulus of any combination of two materials including the ones in different phases has to 
be within these bounds. 
There are numerous models and theories that are used to determine where within 
the Voigt and Reuss bounds, the rocks of interest lie. The types of pore shapes, cements, 
and mineralogy, etc. should be carefully examined to choose the right model for the target 
reservoir. The Kuster-Toksöz model (Kuster and Toksöz, 1974; Berryman, 1995) uses an 
elastic wave scattering theory to express effective moduli corresponding to various pore 
shapes (e.g. spheres, needles, disks, and penny cracks). The differential effective medium 
(DEM) theory (Roscoe, 1952; Boucher, 1974) considers a formation rock as a host rock 
and treats pore or fluid as a second-phase material that is incrementally added onto the 
first-phase host rock. Like the Kuster-Toksöz, it expresses effective moduli corresponding 
to different pore shapes. The cementation theory (Dvorkin and Nur, 1996) can be used to 
derive effective moduli of poorly-cemented dry rock. Hertz-Mindlin contact theory 
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(Mindlin 1949; Dvorkin and Nur, 1996) is used for uncemented rocks near critical porosity, 
the porosity at which grains become suspended.  
The above models are appropriate at ultrasonic laboratory environments because 
they account for the details of pore geometry at very high frequencies, meaning that there 
is not enough time for wave-induced pore-pressure to equilibrate (Mavko et al., 2009). At 
the seismic scale, Mavko et al. (2009) recommend finding the effective moduli of dry rock 
and then using fluid substitution to compute the effective moduli of saturated rocks.  
2.3 TIME-LAPSE SEISMIC MODELING AND WORKFLOW 
Matching the processed time-lapse seismic responses to the real seismic data can 
provide important geologic information about the formation. Lygren et al. (2002) 
investigated the possible reasons for CO2 flowing through the shale layers in the Sleipner 
CO2 sequestration site. They created two possible scenarios for the structure of the shale 
layers: one with holes vertically running across the layer and the other with semi-permeable 
characteristics. Flow simulations were run using models for both scenarios, and the 
observed mechanical behaviors were translated into the acoustic impedance using rock 
physics models, at two different time steps that the seismic data was available. By 
comparing the results with the real time-lapse seismic data, they found the shale model that 
yielded the seismic response similar to the real data, concluding that the shale layers in the 
Sleipner site may be semi-permeable. 
Cui and Hoffman (2013) performed a dynamic reservoir characterization of Delhi 
Field, a CO2 EOR site, by utilizing time-lapse seismic data in history matching. An initial 
model was created by applying sequential Gaussian simulation using well logs and core 
measurements. Flow simulation was run on the initial model, and the corresponding time-
lapse acoustic impedances were computed. With an objective function to decrease the 
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difference between the inverted acoustic impedance and the synthetic acoustic impedance, 
Cui and Hoffman were able to calibrate the initial model by varying the permeability 
values. It was concluded that incorporation of time-lapse seismic information reduces the 
uncertainty associated with reservoir models and provides more information about the 
geology and behavior of the formation. It was not possible to create a model that matches 
the real data exactly because there were numerous factors contributing to the seismic 
responses, and matching process was implemented by perturbing only one property. 
However, history matching with the time-lapse seismic information helped reduce 
uncertainties associated with flow modeling and rock physics modeling and provides 
important geologic information. 
2.4 SOUTHEAST REGIONAL CARBON SEQUESTRATION PARTNERSHIP (SECARB) 
As a part of the Regional Carbon Sequestration Partnership Program supported by 
the U.S. Department of Energy and the National Energy Technology Laboratory, the 
Southeast Regional Carbon Sequestration Partnership (SECARB) is a $34 million project 
aimed at designing sequestration and monitoring techniques for long-term carbon storage 
using Cranfield Field in Mississippi as the test field site. The Gulf of Coast Carbon Center 
(GCCC) of Bureau of Economic Geology in collaboration with Denbury Resources, Sandia 
Technologies, Schlumberger Carbon Services, Lawrence Berkeley National Lab, and 
University of Mississippi are the partners on this project. The project began in 2003 and 
more than 3 million metric tons of CO2 has been injected at Cranfield Field since July 2008 
(Hovorka, 2013). The main focus of the GCCC is on geologic characterization of the field, 
fluid-flow modeling, and development of monitoring techniques and strategies using time-
lapse seismic data.  
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Out of hundreds of potential fields for carbon sequestration and CO2 EOR in the 
Gulf Coast area (Holtz et al., 2005), Cranfield was selected as the study site based on its 
favorable geology and cost and legal issues (Hovorka, 2013). Cranfield is a salt-cored dome 
structure located in the Mississippi salt basin (Figure 2-2). It receives CO2 from Jackson 
Dome field through a 160-km long pipeline (Lu et al., 2013). 
 
       
Figure 2-2: Cranfield Field located in the Mississippi salt basin. More than 3 million metric 
tons of CO2 has been injected since 2008, sourced from Jackson Dome field 
via 160-km pipeline (Lu et al., 2013).  
2.4.1 Geology of Cranfield Field 
CO2 is injected into the Lower Tuscaloosa Formation about 3200m deep. The 
Lower Tuscaloosa Formation was deposited during the Upper Cretaceous period as a 
fluvial-deltaic depositional system in the transgressive stage of the depositional cycle (Berg 
and Cook, 1962; Spooner Jr., 1964). The reservoir is siliciclastic with quartz being the 
dominant mineral. The reservoir sits on top of the Washita Group and below the Austin-
Selma Group (Carter, 2014; Kordi, 2013; Lu et al., 2013). As shown in Table 2-1, the 
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Selma-Austin Group in the Upper Cretaceous is composed of chalk and marl. Within the 
Upper Cretaceous Tuscaloosa Group are three formations: Upper, Middle, and Lower 
Tuscaloosa sandstone. The Middle Tuscaloosa shale forms a cap rock above the Lower 
Tuscaloosa sandstones. 
 










Selma-Austin Chalk and Marl 
Tuscaloosa Upper Silty Sandstone 
Middle Shale/Mudstone 
Lower Sandstone 
Lower Washita Shale/Mudstone 
Table 2-1: Generalized stratigraphic column of the Cranfield reservoir. The injection 
interval is located in the siliciclastic Lower Tuscaloosa Formation confined 
by the Middle Tuscaloosa shale that forms the caprock (Carter, 2014; Kordi, 
2013; Lu et al., 2013).  
The reservoir model for this thesis is created based on the reservoir conditions of 
the Designed Area of Study (DAS) specified by the GCCC. Located 12 miles east of 
Natchez, MS, the 25m-thick amalgamated fluvial sandstone reservoir is located in the 
Upper Cretaceous Lower Tuscaloosa Formation at a depth that varies from 3178m to 
3207m, with a dip angle of about 2o (Delshad et al., 2013; Hosseini et al., 2013; Kordi, 
2013; Lu et al., 2011). One injection well (CFU 31F-1) and two observatory wells (CFU 
31F-2 and CFU 31F-3) are drilled within a spacing of 100m as shown in Figure 2-3 (Ajo-
Franklin et al., 2013). Hundreds of core samples have been extracted from two observatory 
wells and petrophysical properties such as porosity, permeability, and lithology have been 
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determined (Lu et al., 2013). The observation wells have been used to monitor the 
migration of CO2 and the changing water saturation. 
 
 
Figure 2-3: Designed Area of Study (DAS) in the Cranfield Site located 12 miles east of 
Natchez, MS. CO2 is injected through the injector 31F-1 into the Upper 
Cretaceous Lower Tuscaloosa Formation. The migration of the injected CO2 
and the reservoir response is observed at two observatory wells 31F-2 and 
31F-3 (Ajo-Franklin et al., 2013). 
2.4.2 Cranfield Reservoir Characterization 
In order to characterize the Tuscaloosa formation at the Cranfield site, geology 
reports from Spooner (1964) and Berg and Cook (1962) were first examined (Lu et al., 
2013). Berg and Cook found that quartz was the dominant mineral, followed by calcite 
cement. The actual mineral composition in the reservoir was recently assessed using core 
samples by Lu et al. (2012). They discovered that the rocks contained considerable amount 
of clay (chlorite and kaolinite) in the DAS area in addition to quartz and calcite cement. 
They also experimentally examined the geochemical effects of carbonates (calcite and 
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dolomite), which make up 1.5% of the reservoir in the DAS. The following reactions were 
examined (equations 2.17 and 2.18).  
 
2
3 2 2 32
calcite
CaCO CO H O Ca HCO     ……………………..….…………..(2.17) 
2 2
3 2 2 2 3( ) 2 2 4
dolomite
CaMg CO CO H O Ca Mg HCO        …….…...……..…(2.18) 
From dissolution of carbonates, they estimated that 147 mg/L of Ca and 30 mg/L of Mg 
were released from the mineral samples. These effects were concluded “insignificant,” in 
terms of mineral trapping. The goal in this thesis is to quantify the effects in petrophysical 
terms and then to assess whether these geochemical alterations could be assessed using 
seismic information.  
In addition, time-lapse seismic survey data plays a key role in the SECARB project 
(Ajo-Franklin et al., 2013; Carrigan et al., 2013; Doetsch et al., 2013; Zhang et al., 2013). 
Because the Lower Tuscaloosa sandstone is a relatively thin-bedded reservoir, it is difficult 
to capture the details of the reservoir structure using seismic information. Zhang et al. 
(2013) used basis pursuit inversion to enhance the details observed in the seismic datasets 
and detected CO2 plume migration at different time steps that matched well with the log 
data. Carter and Spikes (2013) applied rock physics models such as Gassmann fluid 
substitution, contact cement model, and Hertz-Mindlin theory to the inverted data to 
develop methods to predict mineral composition in the reservoir and to perform sensitivity 
analysis of CO2 saturation in the DAS. 
2.5 SUMMARY 
The literature review of past experimental and simulation works on geochemistry 
of CO2 injection into aquifers reveal that geochemical reactions are complex and are 
challenging to model. It is difficult to assess the impact of reactions on the seismic response 
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due to absence of a rock physics model that explicitly accounts for reactions. In this work, 
the combination of a numerical compositional simulator and rock physics model is used to 
investigate the impact of alterations in rock properties on the time-lapse seismic response. 
The unique model selection methodology presented in this paper is efficient at detecting 
the important features in the seismic and injection response that is induced by the 
geochemical alterations occurring in the reservoir. The results of this time-lapse study can 
provide new interpretation of events observed in time-lapse seismic data that might lead to 
















Chapter 3: Methods Used 
The only data available to model the reservoir are the well log data at three well 
locations and time-lapse seismic data. With very limited information, geostatistical 
methods are required to statistically generate reservoir models. Subsequently, reactive 
transport simulation and rock physics modeling were required to compute the 
corresponding time-lapse seismic responses. Subsequently, a model selection and 
expansion procedure was implemented to refine the models and select the subset of models 
that reflect the observed time-lapse seismic data. The basics of these techniques are 
introduced in this chapter. 
3.1 RESERVOIR CHARACTERIZATION USING GEOSTATISTICAL METHODS 
Spatial estimation or interpolation is one of the primary aspects of geostatistics. 
Unlike linear regression where an outcome is estimated using a weighted linear 
combination of the available data, where the weights are a function of the correlation 
between the data and the unknown, in geostatistical methods, the redundancy between the 
data is also considered when computing the weights. Thus, the correlation between the data 
and the unsampled location as well as the correlation between the data themselves are 
considered in geostatistical methods for spatial interpolation or estimation. In order to 
facilitate the quantification of uncertainty, spatial estimation is extended to spatial 
simulation using techniques such as sequential Gaussian simulation and sequential 
indicator simulation (Chilès and Delfiner, 2012). When well data is applied to these 
methods, multiple number of reservoir models are statistically generated. With the 
limitations in acquiring necessary data, it is often difficult to objectively assess if any one 
model will provide accurate predictions of reservoir performance. It is important to study 
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behaviors of all the models and quantify the resultant uncertainty in performance 
prediction. 
Geostatistical modeling begins with creating an experimental semivariogram, 
which is a measure of the spatial variability of the particular reservoir attribute under study. 
The variogram, γ, is expressed as in equation 3.1. 
 
  22 (u,u h ) E Z( u ) Z( u h ) ,     .............................................................(3.1) 
where Z(u) and Z(u+h) are the random function variables at the location u and at the lag 
distance, h, away from u, respectively. Inference of this statistics requires invoking a 
decision of stationarity that enables data to be pooled over all pairs that are separated by a 
similar lag h. The experimental variogram may, in most cases be noisy due to the lack of 
data and needs to be modeled using positive-definite variogram models such as the 
spherical, exponential, or Gaussian models (Isaaks and Srivasatava, 1989). The model used 
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where a is the range of continuity. After the variogram is modeled, Kriging (Chilès and 
Delfiner, 2012)an be used to obtain an unbiased estimate of a variable, Z*, (Equation 3.4) 
as a linear combination of the available data Z(u) with weights, λ, that minimize error 
variance (Equation 3.5). 
 
    
n





*E Z( u ) Z ( u ) ………………………………….……………………….(3.5) 
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The process of minimizing the error variance results in the following system of equations 
(Equation 3.6) that together with the unbiasedness condition (Equation 3.7) can be solved 
to compute the weights:  
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 * *E Z | Z Z …………………….……….………….……………………….(3.7) 
If the data follows a Gaussian distribution, sequential Gaussian simulation can be used to 
preserve the spatial continuity of the reservoir model and also to quantify the uncertainty 
due to sparse data (Chilès and Delfiner, 2012). During sequential Gaussian simulation, a 
random path is generated visiting each of the unsampled locations in the reservoir. At the 
first node on the path, Kriging is performed to obtain an estimate, that according to the 
theory of Gaussian RVs is the mean of the conditional distribution at that location. The 
conditional variance is equated to the kriging estimation variance given by Equation 3.8:  
 
   2 00 0K Cov h Cov h

   ………………………….……………………(3.8) 
The mean and variance computed using Kriging are sufficient to characterize the 
conditional distribution at that location. A value is simulated at the location by randomly 
sampling the conditional distribution. The simulated value is now treated as an additional 
hard data, and the simulation proceeds to the next node along the random path. The process 
repeats until a complete reservoir model is generated.  
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One of the disadvantage of using sequential Gaussian simulation is that the data 
must follow the Gaussian distribution. Sequential indicator simulation does not require a 
normality assumption and works with the non-parametric distribution, F(u;zk) obtained by 
indicator coding the available data (Chilès and Delfiner, 2012). The simulation involves 
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Indicator kriging is interpreted as the process of updating the prior uncertainty F(u;zk) to 
the posterior uncertainty F*(u|(n)) as given by Equation 3.10. 
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  ……...….(3.10) 
As in sequential Gaussian simulation, a random path is generated through the unsampled 
locations in the reservoir. Instead of drawing a value based on the Gaussian distribution of 
the hard data, the non-parametric conditional probability F*(u|(n)) is used to simulate a 
value at each node on the path, which is then added to the conditioning data set. The process 
is repeated until the entire path is visited. 
3.2 REACTIVE TRANSPORT SIMULATION 
CMG-GEM (Computer Modelling Group Ltd., 2013) is a commercial geochemical 
equation-of-state (EOS) compositional simulator that is capable of modeling transport of 
fluids and chemical species in porous media with accompanying mineral reactions. Ngheim 
et al. (2004) simulated carbon sequestration in a reservoir that has very similar conditions 
as the one at Cranfield using CMG-GEM. The details on reaction stoichiometry, chemical 
equilibrium between the aqueous solutions, material balance, and reaction rates, etc. can 
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be found in the paper by Ngheim et al. There are two components in the injected fluid: CO2 
and C1. Because CMG-GEM is primarily an oil field simulator, there has to be a 
hydrocarbon phase and component at all time steps of the simulation. Consequently, C1 is 
an insoluble trace component that does not flow but is specified in order to prevent the 
hydrocarbon component from disappearing. The PVT properties of the two components 
are shown in Table 3-1. Figure 3.1 shows the CO2-brine relative permeability curves used 
in the simulation. 
 
Table 3-1: The PVT properties of injected CO2 and C1. C1 is a trace component and is 
assumed insoluble in water and therefore does not have an effect on 
geochemistry of the reservoir. 
PROPERTIES CO2 C1 
Critical Pressure (atm) 72.80 45.40 
Critical Volume (m3/k-mol) 0.09 0.10 
Critical Temperature (K) 304.20 190.60 
Boiling Temperature (oC) -78.45 -161.45 
Acentric Factor 0.23 0.01 
Molecular Weight 44.01 16.04 






Figure 3.1: Relative permeability for CO2 and brine used in the reactive transport 
simulation performed by Ngheim et al (2004). 
Equations 3.11, 3.12, and 3.13 express the reactions involved in the flow and 
transport simulation. When CO2 is injected, it dissolves in brine to release hydrogen and 
bicarbonate ions (3.1), that lowers the pH of the aquifer and initiates calcite (3.2) and 
dolomite (3.3) dissolution/precipitation.   
 
2
2 2 3CO H O H HCO




CaCO H Ca HCO     ……………………………………..…..…...(3.12) 
  2 23 32 2 2( )
dolomite
CaMg CO H Ca Mg HCO       ……………………..……(3.13) 
The chemical-equilibrium constants for above reactions are -13.2631, 1.3560, and 1.6727, 
respectively (Nghiem et al., 2004). When a mineral is dissolved or precipitated, its molar 
mass changes. The molar density is then used to derive the volume change in each grid 
block. The ratio of the changed volume to the simulation grid block volume is the change 
in porosity that also induces the change in permeability computed using the Kozeny-
Carmen (Computer Modeling Group Ltd., 2013). These changes in turn translate into 
changes in elastic properties by applying the rock physics models discussed in the next 
section. 
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3.3 ROCK PHYSICS MODELING   
Rock physics models are crucial to link variations in petrophysical properties to 
corresponding variations in elastic properties of rocks. In this section, the models used to 
accomplish this, based on the general rock-physics models presented in Mavko, Mukerji, 
and Dvorkin (2009), cementation theory by Dvorkin and Nur (1996), and Hertz-Mindlin 
theory (Mindlin, 1949; Dvorkin and Nur, 1996), are presented. 
The Reuss average (Reuss, 1929) is used to compute the elastic moduli of the fluid 











where fi and Mi are each fluid’s volumetric concentration and elastic modulus, respectively. 
The Voigt-Reuss-Hill average is used to compute the elastic moduli of minerals based on 
their volumetric fractions, fi . It is half the sum of the Reuss and Voigt bounds (Equations 

























Bulk density, ρbulk, is an average of densities of each component weighted by their 
respective volume fractions, which can be represented in terms of porosity, ϕ, and water 




1 (1 )bulk mineral w CO w brineS S           ………………..………...…..(3.16) 
With the elastic moduli and density derived from the above equations, P-wave velocity, Vp, 















where the elastic moduli K and μ are calculated using the averaging schemes in Equations 
















      The cementation theory developed by Dvorkin and Nur (1996) describes a mechanical 
behavior of grains bound by cement. The theory considers a load-bearing cement that has 
a major impact on the rock stiffness. Equation 3.19 below derives the elastic moduli of the 
grains that are assumed to be identical and spherical with the intergranular cement in 
contact. The number of contacts per grain, n, and critical porosity, ϕ0, the porosity at which 
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where Mc and Gc are the elastic moduli of the cement; VPc and VSc are the wave velocities 
of the cement; and ρc is the cement density. Sn and Sτ are parameters that are proportional 
to stiffness of a grain composite. They are derived using the empirical equations below 
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where Gg and Gc are the shear moduli of grains and of cement, respectively; and νg and νc 
are the Poisson’s ratios of grains and of cement. The terms A, B, C, and Λ are used to 
statistically solve for Sn and Sτ and do not have physical meanings. α, a unitless parameter, 
describes the amount of cement in contact with grains. With the assumption that the cement 














     The Hertz-Mindlin theory (Mindlin, 1949; Dvorkin and Nur, 1996) applies modified 
Hashin-Shtrikman bound (Hashin and Shtrikman, 1963) to predict the elastic moduli of a 
dry rock near critical porosity, the porosity at which grains become suspended. The model 
is useful for poorly consolidated formations. The following set of equations (3.22) 
expresses the elastic moduli of the rock at a pressure P and at a critical porosity ϕ0. The 
same notations as the ones in previous equations are used. 
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 ……………………………....……....(3.22) 
When CO2 is injected and causes mineral reactions, porosity will change. We need to be 
able to obtain the elastic moduli of a dry rock at any porosity ϕ. The following equations 
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      As mentioned in Chapter 2, these models are appropriate for high-frequency 
description of rock properties. In order to apply these models for low frequency (100s of 
Hz) description of reservoir rock, the elastic moduli of the dry rock frame should be derived 
(Mavko et al., 2009). Gassmann’s theory (Gassmann, 1951) is used to perform fluid 
substitution and to compute bulk modulus of the saturated rock. In Gassmann’s theory, 
shear modulus of the saturated rock is not effected by fluid saturation and therefore remains 





























where Ksat, Kdry, and K0 are the bulk moduli of the saturated rock, dry rock, and mineral, 
respectively; and Gsat and Gdry are the shear moduli of the saturated rock and dry rock, 
respectively. The elastic moduli are then applied to Equation 3.17 to derive elastic wave 
velocities of the reservoir.   
3.4 FORWARD SEISMIC MODELING 
Forward seismic modeling allows us to visualize spatial variations in reservoir 
properties. The seismic signature is modeled by convolving reflection coefficient, R0 (t), 
with a wavelet, w(t), and subsequently adding a noise, n(t) (Equation 3.25). In this research, 
the noise, n(t), was neglected in the forward seismic modeling and consequently, it is 
assumed that the seismic signature is solely affected by the reservoir heterogeneity. 
 
       0 *T t R t w t n t  ………………………………………...…………(3.25) 
Reflection coefficient, R0, is the ratio of the difference in acoustic impedances (product of 
P-wave velocity and density derived from rock physics modeling) between two adjacent 
layers to the sum of acoustic impedances in the layers (Equation (3.26). 
 
  2 2 1 10












The variables (densities and P-wave velocities) in the equation are assumed available in 
the time domain. In case the rock physics parameters are available at some depths, we can 
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get the equivalent time by dividing the depth by P-wave velocity and multiplying by 2 in 
order to obtain a two-way travel time, or t.  
 In this research, the wavelet used to generate the forward seismic response is the 
zero-phase Ricker wavelet with a central peak and two small lobes. It is expressed in terms 
of frequency, f, and time, t, as shown in equation 3.27 (Ryan, 1994). 
 
2 2 22 2 21 2 f tw(t ) ( f t )e    …………………………..……….…………….(3.27) 
3.4.1 Convolution Example  
Figure 3-2 shows a simple example of deriving the seismic trace in Panel (d). 
Equation 3.26 is used to compute the reflection coefficient in Panel (b) using the given 
acoustic impedance in Panel (a). Equation 3.27 is used to create a Ricker Wavelet with a 
frequency of 500Hz as shown in Panel (c). Finally, Equation 3.25 is used to convolve the 
computed reflection coefficient with the Ricker wavelet to generate a seismic trace. 
 
 
Figure 3-2: The example of the seismic trace derivation. Given (a) the acoustic impedance, 
(b) the reflection coefficient is computed and convolved with (c) the Ricker 
wavelet to obtain (d) the seismic trace. 
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3.5 MODEL SELECTION AND EXPANSION 
The model selection and expansion can be utilized to reduce uncertainties in models 
created with very limited information. An initial suite of models is statistically generated 
conditioned to limited information. These models are then processed through a transfer 
function in order to yield a response that can be compared to the actual data that is available. 
Those models are then compared and clustered based on their similarities with the actual 
data. The best models in a cluster are then randomly resampled in order to obtain additional 
conditioning data that are used to generate a posterior set of models. Repeating this with 
subsequent time lapse data can yield the models with reduced uncertainties. 
In a case where a time-lapse data is available, the models in the posterior set can be 
used to perform numerical simulations, in order to yield the behaviors at each time step 
that the data is available. The simulated results are compared with the actual data in the 
first time step, and the models are clustered based on as the similarity of their response to 
the actual data. The models in the first cluster are then resampled to generate another 
posterior set of models. After running another set of simulations and comparing the results 
in the subsequent time step, the models are again clustered and resampled to generate an 
additional posterior set of models. This refining process repeats until all the models in the 
posterior set are compared with the actual data at all the time steps. The best selected 
models are then used for an assessment of the impact of geochemical reactions on CO2 
leakage through pathways.  
3.6 STATISTICAL MEASURES OF SIMILARITY 
3.6.1 Discrete Fréchet Distance 
The Fréchet distance (Fréchet, 1906) is a measure of dissimilarity between two 
profiles. The Fréchet distance calculated between seismic traces or impedance profiles of 
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geostatistically generated reservoir models and those of the reference model sets a criteria 
for discriminating between models on the basis of their common characteristics. In order 
to understand this concept, consider a man walking a dog with a leash (Buchin et al., 2013). 
The man and the dog each have their own curved path and move at their own speed, but 
each can only go forward. The Fréchet distance is then the measure of the minimum length 
of a leash that the man needs. 
Alt and Godau (1992) defined two curved paths as f : [a, a’]→V and g : [b, b’]→V, 















where α and β are continuingly increasing functions that map [0, 1] onto [a, a’] and [b, b’], 
respectively.  
Eiter and Mannila (1994) have further developed the concept to derive the discrete 
Fréchet distance by assuming that the curved paths are polygonal curves, P:[0, n]→V and 
Q:[0, n]→V, where n is a positive integer. The corresponding sequence of the coupling are 
denoted as   
     1 1 2 2a b a b an bnu , v , u , v , ..., u , v …………………………………………(3.29)  
The discrete Fréchet distance, δF(f,g), is the minimum of the lengths between uai 
and vbi and is defined as 
 




P,Q min max d u ,v .

    ………………………...……………….(3.30) 
3.6.2 Discrete Fréchet Distance Example 
This section presents a simple example of using the discrete Fréchet distance to 
quantify the similarities between two curves P and Q in Figure 3-3. P and Q are created by 
 32 
connecting the points as shown in the figure. Moving from x=1 to x=10, each node on one 
lines is coupled with the corresponding node on the other line according to its sequence as 
shown in Equation 3.29. The discrete Fréchet distance is then calculated using Equation 
3.30. The distance between each couple ranges from 0.5 to 2.6. The maximum difference 
in distances is thus 2.6. This distance is comparable to the maximum distance that a man 
will be away from his dog. Therefore, a minimum length of a leash that he requires, or the 
discrete Fréchet distance, is 2.6. 
 
 
Figure 3-3: The lines used to show an example of quantifying the similarities between two 
curves using the discrete Fréchet distance. The discrete Fréchet distance of 
two curves P and Q is 2.6. 
3.7 SUMMARY 
 When limited data is available, there is significant uncertainty associated with the 
reservoir model. Consequently, a unique workflow is required to integrate additional data 
and reduce the uncertainty associated with the geologic models. Geostatistical methods are 
used to statistically generate multiple models. Flow and transport simulation and rock 
physics modeling were utilized to transform those reservoir models into the corresponding 
seismic response that were compared with the available seismic data. Through the model 
selection and expansion techniques, the models were constantly refined to reduce the 
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uncertainties, and the best models were selected for investigating the behaviors of the 
reservoir due to long-term sequestration of the CO2. In Chapter 4, this work flow is 
implemented using synthetic reference models for validation. It was then applied to the real 
data in Chapter 5 for a complete assessment of carbon sequestration in Cranfield and the 






















Chapter 4: Modeling and Monitoring the Migration of CO2 in the 
Reference Model and Implementation of the Model Selection Process 
Model selection is a useful tool to refine a prior set of reservoir models and reflect 
the posterior uncertainty after the data assimilation process. Through model selection and 
expansion, a subset of initial models generated using various schemes is clustered and 
subsequently, a group is selected and additional reservoir models are “spawned” that share 
the characteristics of the selected cluster. This process thus yields the posterior uncertainty 
that can be considered for assessing the reservoirs’ response to the injected fluid. In the 
first half of this chapter, a set of reservoir models was created based on the well logs and 
reservoir properties of the Designed Area of Study (DAS) at Cranfield using geostatistical 
methods. One of the models was defined as “reference model” and its response to the CO2 
injection was studied. In the latter part of the chapter, the response of all generated models 
were investigated and refined based on their resemblance to the reference model. Although 
uncertainty in flow and seismic response may arise due to various factors, the main focus 
of this work is only to assess the uncertainty due to carbonates rock proportion in the 
reservoir. It is conjectured that implementation of the model selection process will help us 
bracket the uncertainty in the proportion of the carbonates such that the actual carbonate 
proportion of the reference is contained within the interval. Representing the carbonate 
proportion in the reservoir is important in order to assess the geochemical response of the 
CO2-injected reservoir.   
4.1 MODELING AND MONITORING OF CO2-ROCK INTERACTIONS IN THE REFERENCE 
MODEL 
4.1.1 Reservoir Characterization 
 In the Designed Area of Study (DAS) there are three wells as shown in Figure 2-4. 
Mineralogy data based on quantitative log analysis is only available for the well 31F-2. 
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The dominant mineral in the reservoir is quartz that makes up 79.4% of the rock volume, 
followed by clay (chlorite and kaolinite) that make up 14.8% of the rock volume. The major 
reactive minerals in the reservoir are calcite and dolomite, that make up only 1.5% of the 
reservoir ( Lu et al., 2012). It is essential to determine where in the reservoir these 
carbonates (calcite and dolomite) facies are present. To do so, the following indicator 
coding of data is proposed. If carbonate facies is present at a location then an indicator code 
of “1” was specified and “0” if not (Table 4-1). 
 
Table 4-1: Mineralogy of the DAS at well 31F-2. Indicator code was specified on the basis 
of carbonate facies proportion.  
 
Depth      (m) 
Quartz    
(%) 






3178.1 77.9 16.1 0.5 1 
3178.9 73.7 18.1  0 
3179.8 66.9 5.1  0 
3191.2 75.6 2.5  0 
3191.5 77.9 18.1  0 
3193.2 55.2 5.9 36.8 1 
3193.6 84.6 11.8   0 
3193.9 81.4 15.0   0 
3194.2 85.5 11.2 0.5 1 
3194.9 85.1 12.3   0 
3195.6 85.7 11.2 0.6 1 
3195.9 80.8 16.1   0 
3196.1 82.0 15.3   0 
3196.8 81.9 14.7   0 
3197.7 83.6 12.2 0.5 1 
3199.7 71.2 15.4 9.8 1 
3200.3 70.5 17.8 6.5 1 
 In order to perform sequential indicator simulation using the indicator data, a two-
dimensional reservoir grid covering 120-meters in width and 30-meter in height was 
created using SGeMS. This small dimension may not be resolvable by seismic data, but 
 36 
the work in this chapter was performed to examine if the geochemical alterations due to 
mineral reactions were visible in the scale that was slightly finer than the common 
resolution of seismic data. The grid covers the DAS horizontally from 10m west of 31F-1 
to 10m east of 31F-3 and vertically from a depth 3175m to 3205m. The horizontal extent 
of the area was divided into 600 blocks, and the vertical extent into 720 blocks in order to 
create a very fine grid. Figure 4-1 shows one of the reservoir models created using the 
sequential indicator simulation with the global proportion of carbonates specified to be 
1.5%, which is based on the well log data observed along well 31F-2. Red indicates regions 
where carbonate facies are present. The injection well (F31-1) is located at the position 




Figure 4-1:  Indicator map of carbonate facies in the DAS generated using the sequential 
indicator simulation using the carbonates data from well 31F-2. Red indicates 
where carbonates are present. The carbonates make up 1.5% of the reservoir 
lithology. 
The fine scale model was coarsened by computing the average of the indicator data 
in order to estimate the percentage of carbonate facies at that location of the reservoir 
Furthermore, a 2o dip of the reservoir was simulated by specifying that the top row of grid 
blocks were shifted downward by the height of one smaller grid block, as shown in Figure 
31F-1 31F-2 31F-3 
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4-2. This process formed a new 25-by-120 reservoir grid with 1m-by-1m blocks. Within 
each larger block (orange), the mean of indicator data of carbonates was calculated to yield 
the approximate percentage of carbonates in the region. Figure 4-3 shows the reservoir with 
the carbonate facies proportion. This format of the model allow users to enter the data into 
CMG-GEM to perform flow simulations. 
 
 
Figure 4-2: Coarsening of the fine-grid model to a new 25-by-120 reservoir grid with 1m-
by-1m grid blocks (not to scale). The carbonate facies proportion within each 
coarse block was calculated by averaging the indicator data within the block.  
 
Figure 4-3: A reservoir model with the carbonates facies proportions. It was created based 
on the indicator map of carbonates created on a very fine grid using the 
sequential indicator simulation.  
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Porosity and permeability data are available for all three wells (Figure 4-4). 
Because permeability ranges from fractions to thousands of millidarcies, the logarithm 
transform was used. The average porosity of the reservoir is about 0.2 with higher porosity 
observed toward the bottom of the 31F-2 and 31F-3 wells. Both porosity and log of 
permeability were transformed into normal distribution while performing the sequential 
Gaussian simulation using SGeMS. 
 
 
Figure 4-4: Permeability and porosity of three wells in the DAS. The logarithm of 
permeability was used because of the wide range of the data. Both porosity 
and logarithm of permeability were transformed into normal distribution prior 
to sequential Gaussian simulation. 
Sequential Gaussian simulation was performed using the porosity and permeability data. 
The simulation was first performed on the fine scale 600 by 720 reservoir grid. Property 
variations on at the25-by-120 coarsened grid was calculated by arithmetic average and 
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subsequently a 2o dip was imposed on the reservoir. Figure 4-5 and 4-6 show the porosity 
and permeability map created for the reservoir. The permeability values were computed by 
back-transforming the log values.  
 
Figure 4-5: Porosity map of the DAS reservoir generated using sequential Gaussian 
Simulation based on the log data from the three wells. Higher porosity was 
observed toward the bottom east corner of the reservoir as observed in the 
well logs. 
 
Figure 4-6: Permeability map of the DAS based on the log data from the three wells. The 
log of permeability was used in the sequential Gaussian simulation. The 
simulated values were then back-transformed in order to obtain the 
permeability map. 
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This reservoir model above with the corresponding spatial variation in carbonate 
facies proportion, porosity and permeability is one of several models generated using the 
geostatistical modeling procedure. The model detailed in this section is deemed the 
reference model and a work flow for deriving the seismic signature of this reservoir model, 
will be presented next.  
4.1.2 Flow Simulation 
The rock facies variation, porosity, and permeability data along with the reservoir 
conditions of the DAS, were entered into CMG-GEM to perform reactive-transport 
simulations in order to investigate the geochemical effects of CO2 injection on reservoir 
properties. The conditions corresponding to an infinite reservoir were simulated because 
the reservoir extends far beyond the DAS. The initial pressure and temperature of the 
reservoir were 32MPa and 125oC, respectively (Delshad et al., 2013; Hosseini et al., 2012; 
Kordi, 2013). The relative permeability parameters implemented by Ngheim et al. (2004) 
were used in the simulations. There are two carbonate facies: calcite and dolomite. 
According to the mineralogy along well 31F-2, the proportion of calcite is 1.1% while that 
of dolomite is 0.4% of dolomite (Lu et al., 2012). One pore volume of CO2 was injected at 
the bottom interval of well 31F-1 over a two-year period. The behavior of the reservoir was 
observed for a period of 98 years after injection.  
There was a change in porosity due to calcite and dolomite dissolution and 
precipitation. Even after injection stopped, CO2 continued dissolving in brine to cause 
reactions. Figures 4-7 to 4-9 show the changes in porosity at the beginning of year 0, 50, 
and 100, respectively. The most change in porosity was observed after 50 years because of 
active reactions. When CO2 is injected, it is intuitive to expect only the dissolution of 
minerals at the early stages. However, the formation brine in DAS is originally composed 
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of aqueous components like calcium ions ( Lu et al., 2011). The presence of calcium ions 
caused precipitation of calcite even during the early stages of the monitoring period. A 
noticeable level of dissolution was observed at the top section of the reservoir. The low 
density of CO2 relative to that of brine caused it to be buoyant and reactive near the top of 
the reservoir. Small changes in porosity were detected even after year 50 near the injection 
zone and at the bottom east (right) corner, indicating continuing precipitation. The high 
level of dissolution during the early stage, followed by continuing precipitation mimics the 
result that Ngheim et al. (2004) observed in their studies.  
The changes in water saturation of the reservoir (Figures 4-10 to 4-12) also reflected 
the buoyant nature of the CO2 plume. As CO2 continued to migrate upward, water 
saturation became dominant in the lower half of the reservoir. Because of the high water 




Figure 4-7: Porosity change at the start of injection. Because CO2 had not been injected 




Figure 4-8: Porosity change in year 50. Decrease in porosity near the injection zone 
indicates that there was precipitation of the carbonates because of calcium 
ions originally dissolved in the brine. Dissolution of the minerals near the top 
of the reservoir is explained by the buoyant nature of low-density CO2 plume 
traveling upward. The unexpected dissolution at the bottom of the reservoir 
may be due to CO2-saturated brine in contact with the minerals during the 
early stage of injection before it migrated upward. 
 
 
Figure 4-9: Porosity change in year 100. Although not much had been changed since year 
50, precipitation of calcite near the injection zone and at the bottom east 




Figure 4-10: Water saturation in year 50. Because CO2 has a lower density than brine, the 
gas saturation is higher near the top half of the reservoir. The irregular pocket 
at the top formed due to the heterogeneity in permeability that caused CO2 to 
migrate upward at different rates. 
 
 
Figure 4-11: Water saturation distribution in DAS in year 100. This is 98 years after CO2 
injection was stopped. Water saturation rebounds because of encroachment 
of water from the periphery.  
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Figure 4-12: The difference between water saturation in year 100 derived with reactions 
and the one with no reactions. A major difference was observed at the top of 
the reservoir due to the reactions that affected the migration of the buoyant 
CO2. 
4.1.3 Forward Seismic Modeling 
 From the flow simulation, the time-lapse reservoir model with varying porosity and 
fluid saturation was obtained. Using the elastic properties and density of the each 
component in the reservoir as given in Table 4-2 (Mavko et al., 2009; Carter, 2014), the 
Reuss-Voigt-Hill average and Reuss average were used to obtain the properties of the 
mineral and fluid mixtures. The contents of clay were assumed to be 35% kaolinite and 
65% chlorite in order to calculate the bulk modulus/shear modulus and density of clay.  
Clay is also reactive, but its effects is very minimal compared to that of carbonates. Lu et 
al. (2013) discussed that kaolinite is kinetically limited when reacting with CO2 and 
discarded the kaolinite reactions when investigating geochemistry of the Cranfield 
minerals. We also tested using CMG-GEM to investigate on the geochemical alteration of 
the reservoir due to reactions solely by kaolinite. The maximum porosity change due to 
kaolinite was not even 1% of the change induced by the carbonates reactions. For this work, 
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kaolinite reactions were not considered to save computation time while running hundreds 
of simulations during the model selection and expansion process. 
Table 4-2: The elastic moduli and densities of the minerals and fluid used in the rock 









Quartz 36 45 2650 
Clay 30.5 10.5 2800 
Calcite 71 36 2710 
Dolomite 76.4 49.7 2870 
Brine 2.2  1045 
CO2 0.1275  675 
Subsequently, the contact cement model and Hertz-Mindlin theory followed by 
Gassmann’s theory were used to derive the elastic moduli of the saturated reservoir rock at 
the different time steps. Two different types of sorting trends are observed in the DAS 
(Carter and Spikes, 2013) as shown in Figure 4-13. Relative to well 31F-2, the region below 
3195 m is a sandstone with a variation of poorly- and well-sorted formations, and above 
this region, is the concentric deposition of clay cement around the grains. According to this 
sorting trends, Carter and Spikes (2013) implemented the Hertz-Mindlin theory in the 
lower region and the contact cement model in the upper region. We used the same methods 




Figure 4-13: Gamma Ray log at 31F-2 and bulk modulus computed using the rock physics 
models according to the geology of the formation. Above 3195 m is the 
concentric deposition of clay cement around the grains, and the cementation 
theory was used. Below 3195m is the variation of poorly- and well-sorted 
formations, and the Hertz-Mindlin theory was used. 
 In order to perform forward seismic modeling, the reflection coefficient was 
derived in travel time coordinates from the rock properties for each layer of the reservoir. 
It was then convolved with a zero-phase Ricker wavelet shown in Figure 4-14. As 
mentioned previously, noise was neglected in the model. 
 
Upper Region:  
Concentric deposition of clay 
cement around the grains 
Lower Region:  




Figure 4-14: Ricker wavelet used in forward seismic modeling. The reflection coefficient 
derived using rock physics models was convolved with the wavelet to 
compute seismic response. 
Figure 4-15 shows a synthetic seismogram of the DAS before injection. The two 
distinct regions are observed. The lower region is where there is a variation of sorting 
trends. The upper regions is where clay-cemented quartz grains were observed 
 
 
Figure 4-15: Seismic response in the DAS before injection. Blue lines indicate upper and 








Figures 4-16 and 4-17 show the synthetic seismogram of the DAS in year 50 and 
100, respectively. Each figure shows (a) the seismic response of the reservoir with reactions 
and (b and c) comparisons between the reactive and non-reactive cases. As expected based 
on the observed porosity changes, the bottom ends and the top section of the reservoir 
showed the biggest differences between the seismic response for the reactive and non-
reactive cases. These are the areas where most dissolution and precipitation occurred near 
the injection zone, the bottom east corner, and the top of the reservoir as indicated by 
orange circles. However, the major differences in seismic traces were also observed at the 
bottom near the center of the reservoir as indicated by blue circles. This is due to 
differences in water saturation between the reactive and non-reactive cases. During the 
reactions, there was an alteration in the rock frames and subsequently the permeability. 
This causes the slight differences in CO2 migration and water saturations which affect the 




Figure 4-16: Synthetic seismogram of the reference reservoir model in year 50. Panel (a) 
shows the seismic response of the reservoir model with reactions present. 
Panel (b) and (c) show the comparison of the results for both the reactive and 
non- reactive cases. 
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Figure 4-17: Synthetic seismogram of the reference reservoir model in year 100. Panel (a) 
shows the seismic response of the reservoir model with reactions present. 
Panel (b) and (c) show the comparison of the results for both reactive and 
non-reactiove cases. 
 51 
4.2 REFINING OF THE MODELS THROUGH MODEL SELECTION AND EXPANSION 
4.2.1 Refining the Reservoir Models before Injection 
The reference model was created using sequential indicator simulation conditioned 
to very scarce mineralogy data. The model needs to be refined through the model selection 
and expansion process in order to reduce the uncertainties, especially in the carbonate 
facies proportions. The first step was to create a hundred prior models based on the 
properties of the reference model before injection. The mineralogy data of the reference 
model was extracted along 20 wells as shown in Figure 4-18.  
 
 
Figure 4-18: The mineralogy data of the reference model. The cyan points indicate the data 
points extracted to run the sequential indicator simulation to generate a subset 
of models. 
The rock physics models and forward models were applied to all the models before 
injection, and the subsequent seismic responses were compared to that of the reference 
model. The discrete Fréchet distance was computed between the reference seismic 
response and that for the prior reservoir models prior to the start of injection. Figure 4-19 
shows the distribution of the discrete Fréchet distance between the seismic traces of the 
 52 
generated models and those of the reference model. Figure 4-20 shows the reference 
seismic response and the responses for the models in the first cluster from the distribution 
shown in Figure 4-19. The models in the first cluster was later resampled as condition data 
to generate a posterior set of models, which will be discussed in the proceeding section. 
 
 
Figure 4-19: The distribution of the Fréchet distances between the reference model and the 
newly generated models before injection. 
 
Figure 4-20: The reference seismic response (top left) and the processed seismic responses 
from the selected group of models. The carbonate facies data of the selected 
models were used to create a common variogram and to generate an expanded 
posterior set of reservoir models. 
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 Out of the 100 prior models, the seismic response of the reservoir model with the 
least discrete Fréchet distance is shown in Figure 4-21. The discrete Fréchet distance 
between this model and the reference model is 0.6312. Figure 4-22 shows the facies model 
of the reference model and that of the model with the least discrete Fréchet distance. We 
were able to capture some of the regions with high carbonates proportions, but the models 
need to be refined to yield the better models. 
 
 
Figure 4-21: The seismic response of the model with the least discrete Fréchet distance 
before injection. This model is one of 100 models generated based on the data 
from the reference model.  
 
Figure 4-22: The facies model of the reference model and that of the model with the least 
discrete Fréchet distance. The model is able to capture some areas of high 
carbonates proportions, but it needs to be refined for a better performance. 
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4.2.2 Model Expansion 
The models in the first cluster (the one with the least discrete Fréchet distance) were 
resampled as condition data to fit a common variogram, which was subsequently used to 
generate an expanded set of another 100 models. The discrete Fréchet distances between 
the seismic responses of the new models and that of the reference model were again 
compared. Figure 4-23 shows the seismic response of the model with the least discrete 
Fréchet distance of 0.6133 that is similar to the minimum distance that was obtained prior 
to model expansion. This indicates that the model expansion procedure preserves the 
essential characteristics of the selected group. 
 
 
Figure 4-23: The seismic response of the refined model with the least discrete Fréchet 
distance before injection. This refined model is one of the expanded set of 
models generated using the common features of the selected cluster. 
4.2.3 Refining the Reservoir Models in Year 50 
Flow simulation was run on all the models in the new set of models, to observe the 
reservoirs’ behaviors after the CO2 injection. The seismic responses of the models in year 
50 (48 years after CO2 injection stopped) were compared with the seismic response of the 
reference model in year 50. The best model in the initial set and the best one in the refined 
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set of models are shown in Figure 4-24 and Figure 4-25. As expected, the discrete Fréchet 
distance was lower for the set of models selected on the basis of the seismic data at initial 
time. The minimum discrete Fréchet distance decreased from 0.6340 for the initial set to 
0.5990 for the selected sub-set. 
 
 
Figure 4-24: The seismic response of the model with the least discrete Fréchet distance in 
year 50. This model is one of 100 models in the initial set generated based on 
the data from the reference model. 
 
 
Figure 4-25: The seismic response of the selected subset of models with the least discrete 
Fréchet distance in year 50. The discrete Fréchet distance decreased from the 
previous model in Figure 4-24. 
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4.2.4 Refining the Reservoir Models in Years 100  
  The models in the new set were clustered based on the distribution of the discrete 
Fréchet distances in year 50. The models in the best group were again used to generate 
another set of 100 models. Repeating the process in the previous section, flow simulation 
was performed on all the models, and rock physics models and forward seismic models 
were used to compute the corresponding seismic responses in year 100. The seismic 
responses were compared with that of the reference model by computing the discrete 
Fréchet distances. Again, the distance was smaller for the subset of models selected using 
the data in year 50 as shown in Figure 4-26 and Figure 4-27, indicating that the refined 
models better match the reference model. 
 
 
Figure 4-26: The seismic response of the model with the least discrete Fréchet distance in 
year 100. This model is one of 100 models in the initial set generated based 
on the data from the reference model. 
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Figure 4-27: The seismic response of the with the least discrete Fréchet distance in year 
100. This model belongs to the subset of models selected using the seismic 
response information at the end of 50 years. The discrete Fréchet distance 
decreased from the previous model in Figure 4-26. 
 Comparing the carbonate facies proportions of the reference model and those of the 
selected set of models, it can be observed that the refined models were able to represent 
the areas of high carbonate facies proportions (Figure 4-28). If the model selection and 
expansion is repeated until the discrete Fréchet distance between the model and the 
reference model is minimum, the carbonate facies proportions of the model should 
approximately be equal to those of the reference model. Again, it is not possible to create 
a reservoir model that yields seismic response that perfectly matches that of the reference 
model because lithology is not the only factor contributing to the changes in seismic 
response. The carbonates proportions, however, have the major impact on geochemistry of 
the reservoir, and it is essential to have information about their locations. This method 
allows us to predict where carbonates are present in the reservoir with the limited data 






Figure 4-28: The concentration of carbonates of the reference model and the refined 
models. The refined models capture the areas of high proportions of 
carbonates. Repeating the model selection processes, the refined model that 
further resembles the reference model can eventually be obtained.  
4.3 CONCLUSIONS 
In this chapter, the impacts of CO2 dissolved brine on the porosity and permeability 
of a sandstone formation with a small proportion of carbonate facies were examined. 
Although the carbonate facies proportion is small, the presence of these reactive facies can 
alter petrophysical properties of the reservoir when reacted with CO2-saturated brine. 
However, there is a challenge to modelling such a reservoir because of limitation in 
estimating the carbonate facies proportion reliably using sparse well log data. A synthetic 
reservoir model was created and treated as a reference model. Time-lapse seismic 
modelling and workflow allowed us to compute seismic response at different times. Using 
the well logs of the reference model, a large suite of prior models were generated and 
refined through model selection and expansion processes based on their flow response and 
comparison to the reference model. Through this process, it was found that we were able 
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to reliably estimate regions where the proportion of carbonate facies is high. When this 
work flow is applied on the actual time-lapse data (Chapter 5), we will be able to derive an 
optimized reservoir model that will enable us to assess the geochemical effects of CO2 























Chapter 5: Assessing Geochemical Alterations during CO2 
sequestration using Actual Time-Lapse Seismic Data and Model 
Selection 
Calibrating reservoir models using seismic data can reduce uncertainties associated 
with the model and provide important geologic information (Cui and Hoffman, 2013; 
Lygren et al., 2002). In this chapter, the model selection procedures introduced in Chapter 
4 was applied together with real inverted time-lapse seismic data available before injection 
and ten months after injection. Carter (2014) performed inversion in order to obtain 
reservoir rock properties in the form of acoustic impedance and porosity. The initial suite 
of reservoir models was created based on the available well information. Through the 
model selection and expansion process introduced in previous chapters, the initial suite of 
models was refined using the seismic data before injection. The best set of selected models 
was then used to assess the reactive transport processes associated with the migration of 
CO2. The same simulation was run with no reactions, and the results were compared. The 
other risks associated with the CO2 sequestration were also investigated using these 
models. A producer was installed in the reservoir to represent a potential leakage pathway 
and the breakthrough times of the CO2 plume both for the reaction case and the non-
reaction case were compared. It is demonstrated that the presence of carbonate facies even 
though restricted in spatial extent, plays an important role in geochemical reactions induced 
by CO2 injection. 
5.1 INVERTED TIME-LAPSE SEISMIC DATA 
Carter (2014) performed inversion of the time-lapse seismic data of Cranfield to 
obtain the acoustic impedance and porosity. Figure 5-1 shows the acoustic impedances 
before injection and ten months after injection in 2010, in the region around the Designed 
Area of Study (DAS). The black lines indicate the approximate upper and lower boundaries 
 61 
of the reservoir where CO2 was injected. The vertical brown lines from right to left are 
three wells in the DAS: 31F-1, 31F-2, and 31F-3, respectively. The spacing between inlines 
is about 25 meters. 
 
 
Figure 5-1: The inverted acoustic impedance before injection and ten months after injection 
(Carter, 2014). The black lines indicate the approximate upper and lower 
boundaries of the reservoir. The brown vertical lines are wells 31F-1, 31F-2, 
and 31F-3 from right to left, respectively. 
In order to perform reactive transport simulations, it was required to transform the 
coordinates of the seismic data (two-way travel time and inline) into spatial metric 
coordinates. Given that the spacing between inlines is 25m, a new coordinate frame was 
defined by setting inline 1025 as 0m and inline 1065 as 1000m. It is very difficult to 
transform two-way travel time into depth in meters and requires velocity data inferred from 
Vertical Seismic Profile (VSP) log. However, given that the reservoir has 1-3o dip and that 
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the lower boundary of the reservoir at well 31F-1 is located at the depth around 3200m, the 
reservoir was approximately transformed as shown in Figure 5-2. The vertical brown lines 
from right to left are the three wells 31F-1, 31F-2, and 31F-3, respectively. 
 
 
Figure 5-2: The reservoir model with the metric coordinates. The inline was transformed 
into horizontal distance in meters. The two-way travel time was transformed 
into depth in meters. The brown vertical lines are wells 31F-1, 31F-2, and 
31F-3 from right to left, respectively. 
In addition to acoustic impedance, spatial variation in porosity is also available by 
Carter (2014). However, inverted porosity is only available based on the seismic data prior 
to injection. The changes in porosity due to geochemical reactions were simulated using 
CMG-GEM and presented in the later sections of this chapter. Figure 5-3 shows the 




Figure 5-3: The inverted porosity in the DAS in the metric coordinates. The inline was 
transformed into horizontal distance in meters. The two-way travel time was 
transformed into depth in meters. The brown vertical lines are wells 31F-1, 
31F-2, and 31F-3 from right to left, respectively. 
5.2 MODEL SELECTION AND EXPANSION 
Based on the inverted acoustic impedance data before injection, ten wells were 
sampled as shown in Figure 5-4. The data sampled along those wells were used to create a 
variogram that was used to model the spatial continuity of the carbonate facies for which 
data was only available along well 31F-2. Figure 5-5 shows the variogram models for 
acoustic impedance and the carbonate facies. Table 5-1 shows the tabulated variogram 
model. The ranges of the impedance variogram were applied to the carbonate facies 
variogram. The initial variogram for the carbonate facies may not be accurate, but a better 





Figure 5-4: The sampling locations along which acoustic impedance values were sampled 
in order to create a variogram for the initial suite of models. 
     (a) Vertical Variogram (AI)             (b) Horizontal Variogram (AI) 
       
    (c) Vertical Variogram (Facies)        (d) Horizontal Variogram (Facies) 
             
  Figure 5-5: The vertical variogram model (a) and the horizontal variogram model (b) for 
the acoustic impedance before injection and the vertical variogram model (c) 
and the horizontal variogram model (d) for the carbonate facies data in 31F-
2. Because the lithology data was very scarce in F31-2, the variogram of the 
inverted acoustic impedance was used as a guide to create the variogram for 
the carbonate facies.  
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Table 5-1: Tabulated variogram model of the acoustic impedance and carbonate facies 
 Model Nugget Sill amajor aminor avertical 
Acoustic Impedance Spherical 0 1.8e6 130 50 11 
Carbonate Facies Spherical 0 0.16 130 50 11 
 
The variogram models for the carbonate facies were applied in the sequential 
indicator simulation in order to generate an initial suite of reservoir models. Rock physics 
model was applied to all prior models in order to generate acoustic impedances and the 
discrete Fréchet distance was used to compare the acoustic impedances of the models with 
the inverted acoustic impedance before injection. Figure 5-6 shows the comparison of the 
first generated model and the inverted seismic data. Because of difference in sorting trends 
and the rock physics models used within the reservoir discussed in Chapter 4, the variability 
of acoustic impedance in the lower interval was different from that in the upper interval. In 
the upper interval, there is concentric deposition of clay cement around the grains, and in 
the lower interval there is a cyclicity of poorly-and well-sorted formations (Carter and 
Spikes, 2013). For that reason, the discrete Fréchet distance was computed separately for 
the upper and lower intervals, and the average was computed.  
 66 
 
Figure 5-6: (a) The inverted acoustic impedance before injection and (b) the calculated 
acoustic impedance using rock physics model calculated on one of the models 
from the prior set. The discrete Fréchet distances were computed separately 
for the upper interval and the lower interval, and the average was computed. 
The discrete Fréchet distance between the two models in a and b was 1,051.  
 In order to cluster the models based on the spatial distribution of impedances, the 
histogram of the discrete Fréchet distance was created with 10 bins as shown in Figure 5-
7. Figure 5-8 shows the inverted acoustic impedance and the processed acoustic impedance 
for the models falling in the first bin. The carbonate facies data from the models in the first 
bin were sampled as conditional data chosen to create a common variogram, which was 
then applied in sequential indicator simulation in order to generate an expanded posterior 






Figure 5-7: The distribution of the discrete Fréchet distances between the inverted seismic 




Figure 5-8: The inverted acoustic impedance (top left) and the acoustic impedances 
calculated using the rock physics model for the selected group of models. The 
carbonate facies data of the selected models were used to create a common 
variogram and to generate an expanded posterior set of reservoir models. 
 In order to verify the accuracy of the expanded set of models, the rock physics 
model was again applied on all the models from the posterior set, and the comparison 
models against the reference was again performed using the discrete Fréchet distances. The 
least discrete Fréchet distance between the inverted seismic response and the processed 
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seismic response was 1,046, which is close to the value for the original set of selected 
models (1,051). Figure 5-9 shows the inverted seismic response and the rock physics 
model-calculated values for one model from the expanded set. 
 
 
Figure 5-9: The distribution of the discrete Fréchet distances between the inverted seismic 
response and the processed response of the refined model. 
5.2.1 Forward geochemical modeling 
Using CMG-GEM, reactive transport simulations were run on all the models in the 
expanded set of posterior reservoir models. CO2 was injected through well 31F-1 at one 
million tons-per-year rate for ten months from December 2009 to the end of September 
2010, after which time a seismic survey was again completed. The changes in porosity and 
saturation over this period were simulated and then translated into seismic responses 
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through rock physics modeling. Figure 5-10 (a) shows the inverted acoustic impedance in 
2010, and the processed acoustic impedances of the best-refined model in the new set of 
models is shown in (b). For comparison, the porosity and saturation in the first model of 
the prior set of models is shown in (c). The discrete Fréchet distance between the first 
model and the inverted acoustic impedance was 1,092. The one between the posterior set 
of models and the inverted acoustic impedance was 1,083, indicating that the refined 











Figure 5-10: (a) The inverted acoustic impedance in 2010, (b) the acoustic impedances 
computed using the rock physics model for the best model in the new set of 
models, and (c) of the model created in the initial set. The discrete Fréchet 
distance decreased from 1,092 of the first model to 1,083 of the refined model. 
 Figure 5-11 shows the carbonate facies proportions of the refined model, which will 




Figure 5-11: The carbonate facies proportions of the refined model. This model was used 
in the later sections to investigate the long-term effects of CO2 sequestration. 
5.3 MODELING AND MONITORING CO2-ROCK INTERACTIONS IN THE BEST MODEL 
The carbonate facies model obtained in the previous section along with the inverted 
porosity were entered in CMG-GEM to perform reactive transport simulations in order to 
investigate the geochemical effects of CO2 injection on reservoir properties. The CO2 was 
injected into the bottom half of the reservoir through 31F-1 at the rate of one million tons-
per-year for three years. The subsequent effects were observed for 100 years. Another 
simulation was run on the same model with the same injection conditions but with no 
reactions, and the results were compared. Acoustic impedances were calculated using the 
rock physics model.  Figure 5-12 (a) shows the spatial distribution of acoustic impedance 
in 2010 with reactions while the difference between acoustic impedance derived with 
reactions and the one derived with no reactions is shown in Figure 5-12 (b). The difference 
in acoustic impedances between the two cases is partly due to the alterations in rock fabric 
and partly due to changes in fluid saturations. Figure 5-12 (c) shows the difference in pore 
structure/porosity while the difference in water saturation is shown in (d). This was ten 
months after injection. Most changes occurred near the injection zone as expected. The 
reactions induced rock frame alterations lead to porosity changes that in turn lead to 
changes in water saturation by affecting the fluid flow. 
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Figure 5-12: (a) Spatial distribution of acoustic impedances in 2010 corresponding to the 
case with reactions, (b) the difference between acoustic impedance derived 
with reactions and the one with no reactions, (c) the difference in porosity, 
and (d) the difference in water saturation.  
31F-1 
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The progressive alterations in models post-injection were also assessed. Figure 5-
13 (a) shows the spatial distribution of acoustic impedances in 2059 with reactions and (b) 
shows the difference between acoustic impedance derived with reactions and the one 
derived with no reactions. The difference in porosity 50 years after injection is shown in 
Figure 5-13 (c) and the difference in water saturation is shown in (d). Because of relatively 
low density of CO2 compared to water, the CO2 plume migrated toward the up-dip east 
(right) side of the reservoir. Although rock frame alterations were observed throughout the 
reservoir, the major changes in porosity were observed toward the up-dip end at shallower 
depth. Major changes in water saturation were observed in the top portion of the reservoir. 
This is again due to the rock frame alterations that affect the flow of the buoyant CO2. It 
induces a slight change in the rate at which the CO2 migrates upward and this in turn 
introduces a change in acoustic impedance at the seismic scale. 
Figure 5-14 (a) shows the spatial variation in acoustic impedance hundred years 
after injection (in 2109) with reactions. The difference between acoustic impedance 
derived in models with reactions and in models with no reactions is depicted in Figure 5-
14 (b). The difference in porosity is shown in Figure 5-14 (c) while the difference in water 
saturation is shown in (d). Slight differences in the reservoir are observed between the 
models in 2059 and the one in 2109 indicating that there are ongoing reactions in the 
reservoir long after the injection. The results thus show the importance of modeling 
reactive transport when predicting reservoir fluid migration. In the short term and long 




Figure 5-13: (a) Acoustic impedance in 2059 (50 years after injection) with reactions, (b) 
the difference between acoustic impedance derived with reactions and the one 
derived with no reactions, (c) the difference in porosity, and (d) the difference 




Figure 5-14: (a) Acoustic impedance in 2109 (100 years after injection) with reactions, (b) 
the difference between acoustic impedance derived with reactions and the one 
derived with no reactions, (c) the difference in porosity, and, (d) the difference 
in water saturation.  
31F-1 
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5.4 ASSESSMENT OF LEAKAGE PATHWAYS 
In order to assess the impact of geochemical reactions on leakage flux from the 
reservoir, the same simulation was performed with a producer placed in the reservoir as 
shown in Figure 5-15. The producer represents a possible fault or leakage pathway that 
might be present in the reservoir but very difficult to detect. The leakage flux (i.e. CO2 




Figure 5-15: The reservoir with a leakage pathway. The breakthrough time of CO2 and 
the amount of gas escaped into the pathway was compared for the reaction 
case and for the no reaction case.  
Figure 5-16 shows the cumulative amount of gas that escaped through the leakage 
pathway some time after injection began.  From the figure, it is observed that 0.5m3 CO2 
escaped after 1,308 days after injection for the no reaction case and 1,313 days after 
injection for reaction case, showing a 5 day difference. This again shows that the flow of 







Figure 5-16: The cumulative CO2 escaped from the reservoir for two models: one 
considering reactions and the other not considering reactions. 
5.5 CONCLUSIONS 
In this chapter, time-lapse acoustic impedances inverted from the real seismic data 
for the Cranfield site were used to pin-point locations of geochemical alterations. The 
model selection and expansion process introduced in Chapter 3 and shown in Chapter 4 
through the synthetic case were applied on the real data set from Cranfield. The time-lapse 
seismic modelling and workflow allowed us to pick a subset of models that exhibit similar 
rock physics properties as observed in the seismically inverted acoustic impedance data. 
The selected carbonate facies models were then used to assess the impact of reactive 
transport of the reservoir due to the flow of CO2-saturated brine in the long term. It was 
shown through this study that the impact of reactions due to even small proportions of 
carbonate facies in the reservoir was visible at the seismic scale, e.g. in acoustic impedance. 
The impact of geochemical reactions on leakage flux through an arbitrary leakage pathway 
was also evaluated. A producer was placed in a reservoir model, and the CO2 flux was 
observed. The results indicate that frame alterations due to reactions causes a re-
distribution of subsurface fluids and a consequent delay in the time taken for the leakage 
flux to reach a threshold value.  
5 days
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Chapter 6: Conclusion and Recommendations for Future Work 
6.1 CONCLUSIONS 
When modeling CO2 sequestration in siliciclastic reservoirs with very small 
proportions of carbonate facies, the impact of reactive transport is often ignored. The 
impact of mineral reactions on the risk of leakage or conversely, the mitigation of risk of 
CO2 leakage because of blockage of leakage pathways by reaction products, compels the 
study of such reservoir rock alterations. The minerals can be dissolved and/or precipitated 
to alter the rock frames (e.g. changes in porosity and permeability) and therefore affect the 
flow of the fluid in the reservoir. When predicting location of leakage pathways and 
estimating the amount of CO2 leaking out of the formation, ignoring reactions in modeling 
can yield erroneous result. 
In this research, we investigated the geochemical effects of CO2/brine mixtures in 
subsurface formations and based our study on data obtained for the siliciclastic reservoir 
in Cranfield, Mississippi. The reservoir has a very small proportion of carbonate facies. 
We investigated the behavior of the reservoir using a commercial compositional simulator 
CMG-GEM. We studied both reactive and non-reactive cases and the effect of rock frame 
alteration on the rock physics properties of the formation. With the limited data available 
for the Cranfield reservoir, we implemented a unique model selection and expansion 
scheme to progressively refine our estimates of likely carbonate facies locations within the 
reservoir. With the well log data, an initial suite of models was generated. The models were 
then processed through a flow model and rock physics model in order to transform the 
mechanical and flow properties of the rock into the corresponding seismic response, i.e. 
acoustic impedance, The models were clustered based on their similarity with the actual 
seismic impedance data available for the field, and the models in the closest cluster were 
used to generate an expanded posterior set of models. Through the model selection and 
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expansion scheme, we were able to obtain a carbonate facies model that was similar to the 
reference model.  
Subsequently, a model was selected from the expanded set of posterior models and 
was used to assess the geochemical alterations of the siliciclastic reservoir due to long-term 
sequestration of CO2. The dissolution and precipitation of the carbonate facies altered the 
rock frames of the reservoir and affected the flow of CO2- saturated brine. To further assess 
the impact of reactions, a leakage pathway was placed in the reservoir, and the simulations 
were run corresponding to both reaction and no reaction cases. The difference in the 
breakthrough time of CO2 and the amount of gas escaping through the pathway was 
significantly different for the reactive and non-reactive cases. The flux was reduced and 
the breakthrough time was increased in the reactive flow case because of re-distribution of 
the CO2-brine mixture due to alterations in rock frame. It was clearly seen through this 
work that the effects of the presence of carbonate facies, even in small proportions, could 
be manifested in the reservoir response at the seismic scale and should be carefully 
modeled when investigating CO2 sequestartion. 
6.2 RECOMMENDATIONS FOR FUTURE WORK 
 The simulation of reactive transport of the reservoir was performed using CMG-
GEM in this work. Other simulators that are capable of compositional modeling, 
such as PHREEQC and COMSOL could also be used. Using different simulators 
and comparing the results would give useful information about the accuracy of the 
flow simulations. 
 There were uncertainties in modeling geochemical reactions in the reservoir. 
Parameters such as reactive surface area, equilibrium constants, and activation 
energy, etc. were estimated using the previous simulations performed on a 
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reservoir similar to that of Cranfield due to limitations in inferring these 
parameters using the field samples. To correctly model geochemical reactions 
specifically to Cranfield reservoirs, the field samples should be used in laboratory 
scale experiments in order to obtain more accurate geochemical parameters.    
 The main focus of this research work was on the Designed Area of Study (DAS) 
in Cranfield which is a small area within the entire Cranfield. There are over 40 
wells drilled elsewhere within the field for oil and gas recovery. It is recommended 
that the model selection aspect of the research be performed using information 
from these other wells also in order to improve the robustness of the posterior set 


















a   Range of continuity 
Cov  Covariance 
F  Conditional probability 
f  Fraction of material 
h  Lag distance 
I  Indicator variable 
K   Bulk Modulus (GPa) 
M  Elastic Modulus (GPa) 
n  Number of contacts per grain 
0R  Reflection coefficient 
S  Saturation 
nS , S  Grain composite stiffness parameters 
T  Seismic trace 
t Time (sec) 
u  Variable location 
V  Velocity (km/s) 
w  Wavelet 







   Cement deposition parameter 
dF  Discrete Fréchet distance 
   Variogram 
  Error variance 
   Porosity 
0  Critical porosity 
   Weights to minimize error variance 
   Shear modulus (GPa) 
   Poisson’s ratio 





c Cement  
dry   Dry rock 
fl  Fluid 
g  Grain 
HM  Hertz-Mindlin 
P  P-wave 
S  S-wave 
sat  Saturated rock 
w  Water 
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